Introduction {#Sec1}
============

As artificial intelligence in education becomes increasingly prominent, there is a growing need to consider augmented intelligence. This is the idea that artificial intelligence can and should be used to enhance human intelligence and abilities rather than attempt to replace it. The 2016 National Artificial Intelligence Research and Development Strategic Plan stated that "the walls between humans and AI systems are slowly beginning to erode, with AI systems augmenting and enhancing human capabilities. Fundamental research is needed to develop effective methods for human-AI interaction and collaboration" \[[@CR1]\]. Popenici and Kerr further emphasize the importance of recognizing education as a "human-centred endeavor" and the idea that "solely rely\[ing\] on technology is a dangerous path, and\... that humans should identify problems, critique, identify risks, and ask important questions\..." \[[@CR2]\]. Therefore, we should take on a human-centered approach in the era of AI. Human-centered AI is a viewpoint that AI systems and algorithms "must be designed with an awareness that they are part of a larger system involving humans" \[[@CR3]\]. AI research should not just be technological, but humanistic and ethical as well \[[@CR4]\]. One aspect of human-centered AI is to create systems that help humans understand the system itself \[[@CR3]\]. Therefore, the goal is not simply to provide results through a black-box model. The focus is to help users understand those results and how those results are derived.

We explore sensemaking in Learning Analytics (LA) as an example of human-centered AI and present how we address this challenge for advisors that are presented with large amounts of data and analytics about their students. LA is an interdisciplinary field that emerged to make sense of unprecedented amounts of data collected by the extensive use of technology in education. LA brings together researchers and practitioners from two main fields: data mining and education \[[@CR5]\]. Effective presentation of analytical results for decision making has been a major issue when dealing with large volumes of data in LA \[[@CR6]\]. Many systems for early alerts on student performance provide results without providing necessary explanations as to how the system derived those results. If an early warning system gives a result that is inconsistent with the expectations of a teacher or an advisor, and there is no information to explain how the system arrived at the prediction, it can easily cause educators to discount or mistrust the prediction \[[@CR7]\]. Human sensemaking relies on developing representations of knowledge to help serve a task, such as decision-making, and on the design of AI approaches to better aid these tasks. We discuss the design, implementation, and evaluation of an interactive system designed to help advisors better understand student success and risk. In contrast to many LA systems designed to support student awareness of their performance or to support teachers in understanding the students' performance in their courses, our interactive system is designed to support advisors and higher education leadership in making sense of students' success and risk in their degree programs. Our approach to interactive sensemaking has three main parts: (1) a temporal student data model, (2) data analytics based on unsupervised learning, and (3) storytelling about the student experience.

Related Work {#Sec2}
============

In this section, we review related research in two interdisciplinary threads: (1) sensemaking in LA, and (2) data storytelling techniques.

Sensemaking in Learning Analytics {#Sec3}
---------------------------------

Sensemaking is process of understanding connections to anticipate their trajectories and to act effectively \[[@CR8]\]. Van et al. \[[@CR9]\] stated that sensemaking is a core component of LA dashboard interventions, as the purpose of these tools is to provide users with the ability to become aware of, reflect upon, and make data-based decisions. Echeverria et al. \[[@CR6]\] proposed a learning design-driven data storytelling approach where they support user sensemaking by directing the user's attention to the critical features of the students' data using visualizations with data storytelling components. Their user study suggests that adding storytelling elements to the LA dashboards has the potential to help users make sense of the critical features of students' data with less effort. CALMSystem \[[@CR10]\] is another example of a LA system that supports sensemaking, awareness, and reflection. It was developed on top of an intelligent tutoring system to give a learner insight into the learner model. Klein et al. \[[@CR11]\] proposed a model of student sensemaking of LA dashboards to show how data and visualization inform user sensemaking and action. Verbert et al. \[[@CR11]\] introduced a LA system for learners and teachers visualizing learning traces with four distinguished stages for the process model - (i) *awareness* is only concerned with the students' data presented using various visualizations, (ii) *reflection* focuses on usefulness and relevance of the queries by the users, (iii) *sensemaking* is concerned with users' responses in the reflection process and the creation of new insights, and (iv) *impact* is concerned with the induction of new meaning or changing behavior by the users. Additionally, researchers made contributions to better prediction and sensemaking of student progress trajectories. Learning Management Systems (LMSs) storing students' temporal data have been leveraged in various works to analyze students' progression throughout their whole program  \[[@CR12]--[@CR16]\] and within a course level \[[@CR12], [@CR17]--[@CR19]\].

Sensemaking with Data Storytelling {#Sec4}
----------------------------------

Stories are capable of conveying essential information to users more naturally and familiarly for them \[[@CR20]\]. Data storytelling aims to make data more understandable and memorable by human users by presenting data in the form of stories. Several research studies created natural language presentations of tabular or numeric data ranging from summarizing statistical results \[[@CR21], [@CR22]\], stock market trends \[[@CR23]\], and environmental data \[[@CR24]\]. Many applications of Natural Language Generation (NLG) have been used to generate stories from data to promote the user sensemaking. Notable examples of tools that generate textual forecast from structured data include the Forecast Generator (FoG) \[[@CR25]\], MULTIMETEO \[[@CR26]\], and the SumTime system \[[@CR27]\]. Such systems increase interpretability and reduce routine writing tasks performed by human forecasters. NLG is also used in medicine. TOPAZ \[[@CR28]\], creates reports of blood cell and drug dosages for lymphoma patients. It uses a schema-based generation system that generates a textual report read by clinicians. Other systems that generate medical reports include Suregen \[[@CR29]\], Narrative Engine \[[@CR30]\], and STOP \[[@CR31]\]. These systems tend to facilitate the users' sensemaking of homogeneous data through brief textual summaries. FIRST is capable of generating stories to support advisors' sensemaking of complex, temporal, and heterogeneous student data.

FIRST: Design and Implementation {#Sec5}
================================

The goal of FIRST is to better communicate analytics results by guiding the user through sensemaking tasks and interactive LA. Sensemaking tasks consist of information gathering, developing insights, and performing knowledge discovery \[[@CR32]\]. In the sensemaking process, domain experts such as the educational leaders, teachers, and academic advisors decide on the existing challenges and expected outcomes for their institution. Most of the learning management tools involve data scientists in the knowledge discovery process to design the student data model, analytics approach, visualizations, and a reporting system to understand students' patterns of success or failure. Next, domain experts design intervention methods based on the analytics. The analytical process, essential to knowledge discovery, needs substantial data science skills. Domain experts do not engage in the discovery process since the analytical model is a black box to them. In FIRST, domain experts can select features from the temporal data model, see the stories about students, and explore which factors are major contributors to a student's performance and behaviors.

Interface Design {#Sec6}
----------------

Our system is designed to allow advisors to engage in sensemaking by interacting with temporal data, reviewing aggregate analytics, and reading stories. Figure [1](#Fig1){ref-type="fig"}A shows the interface for the user to select the student features in the temporal model. The selected features are used when generating stories for each student. The user can change their preferred features at any point, which will consequently change the content of the stories. It is also possible for the system to automatically generate stories based on what it selects as the most appropriate features. However, allowing the user to select the features is important to sensemaking. Figure [1](#Fig1){ref-type="fig"}B shows the user experience with the results of unsupervised learning, and Fig. [1](#Fig1){ref-type="fig"}C shows the user experience for interacting with the automatic story generator. FIRST differs from existing LA tools in the following ways:The user can leverage their insights about student behavior and participate in model construction, giving them the flexibility to change the features to be used in the analytic models and automatically generated stories.The user is presented with automatically generated stories to complement the results from analytic models. Fig. 1.Interface design for FIRST (Color figure online)

Temporal Data Model {#Sec7}
-------------------

FIRST uses a temporal data model that uses time segments to group heterogeneous sources of data and form sequences of information for each student \[[@CR16]\]. This allows the analytic models to consider the temporal dependencies of students throughout their enrollment. The temporal model gives flexibility in defining the duration of the temporal node, contextualizing information within a node, and interpreting sequences of nodes as stories. The data model contains one sequence per student that starts with their enrollment and ends with when the student graduates or leaves the university. Each node in a sequence represents a period (e.g., a single semester) and contains a vector of features (variables, such as courses taken in that semester). There are three types of temporal nodes for each student: the background node with demographic information, the semester node with semester-wise activities and information, and the outcome node with the value of the performance variable. The student data model is shown in Fig. [2](#Fig2){ref-type="fig"}A.Fig. 2.Components for generating students' stories: (A) temporal data model, (B) selected student features, and (C) examples of sentences in the story (Color figure online)

Unsupervised Learning {#Sec8}
---------------------

FIRST uses unsupervised learning to identify patterns of student behavior and then maps that behavior onto performance. The user can select from options for the student performance variable, such as GPA, and can select filters to include a subset of the total population, such as male or female students or a period of time. Figure [1](#Fig1){ref-type="fig"}B shows the results of clustering all students according to their course progression with the performance variable of GPA, where 2.0 is a minimum value to be successful. Course progression is an example engineered temporal feature, which is the average value of the first digit of a course level for each semester. For example, if a student took three courses with levels 1200, 1212, and 3000 in his/her first semester, this feature will take a value of 1.7 (average of 1, 1, and 3) for the first semester. We then formed a 2D (two-dimensional) feature vector for each student in which each row has the values for one of the engineered features for each semester. We used the K-means clustering algorithm \[[@CR33]\] on several engineered features and found that course progression, for example, was able to cluster students with high "purity" in terms of the defined outcome variable. We used the elbow method \[[@CR34]\] to determine the optimal number of clusters. We analyzed each cluster to see if they were "coherent" in terms of student performance. For example, after we applied the K-means approach to the "course progression" feature, the result could separate the successful and risky student reasonably clearly. Our primary hypothesis for this feature is that it should be either increasing or steady along the semesters for those successful students. If it is decreasing or steady for a long time, the student did not progress to higher-level courses or the student was repeating lower-level courses.

Figure [1](#Fig1){ref-type="fig"}B presents the clustering results with 3 clusters for the engineered feature "Course Progression Through Semesters". In the blue cluster with 483 students, successful students are the most dominant with a percentage of 90.27%. As we see the intercept and the slope of this blue line in Fig. [1](#Fig1){ref-type="fig"}B, it has a higher average course level in each semester compared to the other two clusters. In addition, the average course level is consistently increasing. This suggests that this cluster of students consistently takes courses at a higher level and starts to progress early on. The green cluster also has a higher percentage of successful students than the orange cluster. If we compare their intercepts and slopes, the green line stays above the orange one and makes more "linear" progression than the orange counterpart. In this analysis, we define student success as obtaining the final GPA last semester higher than 2.0. If we changed the GPA threshold, the clustering results would be different. The user can select each cluster and further review the data for each student who belongs to that cluster. The bar chart shows the average GPA for each cluster. The user can select an individual student or groups of students in the analytic interface and review their temporal data. The selected students in exploring the analytic results are saved and available on the storytelling page.

We use clustering since more students are successful than unsuccessful:: a supervised learning approach could overfit and impose an accuracy paradox due to a higher number of majority class examples caused by the imbalance. Equalizing class membership by adjusting the within-class imbalance and using random sampling can introduce unrealistic patterns in the data \[[@CR35]\]. We use clustering to separate and classify samples. The clustering results provide insight into the engineered features that discriminate on percentages of successful students compared to students at risk. This classification describes characteristics of cohorts of students and how they behave in the clusters. In the future, we will consider a guided re-sampling and classification method to overcome over-fitting. For this reason we adopted an unsupervised clustering approach to find patterns of student behavior that map onto success criteria. In the future, we plan to incorporate the cluster results into a predictive model to apply our knowledge about patterns of behavior in cohorts of students to develop early alerts or predictions for individual students.Fig. 3.Process of story generation

Student Stories {#Sec9}
---------------

FIRST automatically generates stories for each student using the features selected in the temporal data model. These stories present a summary of the student's experience in a narrative. Figure [1](#Fig1){ref-type="fig"}C shows the user experience for interacting with the student stories. When the user selects a student from the left panel, the timeline and story sections are updated. The storytelling algorithm uses user-selected and standard features. The stories are generated from the data in the temporal model shown in Fig. [2](#Fig2){ref-type="fig"}. Figure [2](#Fig2){ref-type="fig"}A shows the nodes in the temporal data model, Fig. [2](#Fig2){ref-type="fig"}B shows the features selected from each node, and Fig. [2](#Fig2){ref-type="fig"}C shows the sentences that are constructed from each feature. The text in black is from a predefined template while the text in red is generated from the features. After generating the sentences for each of the selected features, these sentences are used to generate the story as discussed below. An example of a generated story can be shown in Fig. [1](#Fig1){ref-type="fig"}C. Figure [3](#Fig3){ref-type="fig"} illustrates the 3 stages in the process of generating stories: raw data source and user selection inputs, story synthesis, and story analysis. We describe each stage of story generation.

***Data Source.*** As shown in Fig. [3](#Fig3){ref-type="fig"}A, the input data for story generation comprises: (i) features in the temporal data model, (ii) the results of the analytics, and (iii) the user selected features and outcome. The features in the data model are used in a set of predefined template rules, the analytics results are used to compare the current student with other similar students, and the user-selected variables are used to make the story more customized for the user.

***Story Synthesis.*** The goal of this stage is to determine and sort the content presented in the student's story. As shown in Fig. [3](#Fig3){ref-type="fig"}B, synthesis has two tasks: content determination and story structuring.

Content Determination: this is the task of choosing what is included in the story. The selection is based on these factors:user-selected features: we include the features selected by the user as illustrated in Fig. [1](#Fig1){ref-type="fig"}A.performance rules: we identified a set of rules that either inspect any sudden changes of the students' performance over time (e.g., A student's GPA suddenly dropped or increased), or abnormal information compared to most students (e.g., the number of attempted, passed, or failed courses for a semester is higher, or the number of D-scored courses is higher).comparison with other similar students: we used clusters to look for students that are similar and successful to inspect if the student per se is an outlier in terms of some variables.Story Structuring: this is the task of deciding the order of information in which it is presented to the reader. We order the information based on the student temporal data model, in which the story starts with the background information about the student, then with the semester information, and ends with the outcome information.***Story Analysis.*** This stage improves the language of the stories so they are more human-readable and coherent. As shown in Fig. [3](#Fig3){ref-type="fig"}C, this includes 2 tasks: sentence aggregation and lexicalization.

Sentence Aggregation: Clusters multiple pieces of the same kind of information together into a single sentence instead of several ones. For instance, if we have a set of candidate sentences as "student achieved an A in the course X", and "student achieved B in course Y", these sentences should be aggregated into one sentence "student maintained all his grades at B or above".Lexicalization and Linguistic Realization: Lexicalization is choosing the proper words and phrases to transform the data into natural language text. Linguistic realization is inserting punctuation, functional words and other elements required for the text to be fluid and coherent.

User Study - Focus Group {#Sec10}
========================

A focus group study was conducted with the goal of learning what users find important in a tool to support advising. In the focus group session, we demonstrated FIRST and then asked questions about the value of the student data model, analytics, and storytelling. We recruited six professional and faculty advisors whom are already familiar with multiple tools that provide data, analytics, and risk scores for the students that they advise. A focus group study was selected for its effectiveness in collecting user opinions and attitudes through group discussion and dynamic conversations. Some preliminary questions were asked to collect information related to the current technology used during advising and the useful features of those tools. The participants revealed that they often ignored the risk score provided by the analytics in their advising tool because the process behind the calculation is not clear to them. They mentioned that although the student reports generated by the existing tool were useful, they would like more flexibility to customize the information for different cohorts of students. The group discussed that one goal for such tools is to be prepared for advising before the student arrives for the advising appointment. FIRST was demonstrated to the group with scenarios for specific students. The participants asked questions about the system and the facilitator demonstrated additional interactive features. Then the participants were asked to answer questions to assess the sensemaking they performed through the demonstration: (i) What insights were you able to gain about students through viewing this tool? (ii) What are the differences between what you learned about the students from the analytics versus the stories? (iii) What is the value of the analytics results and the stories? (v) How can the student stories help you with advising? And (vi) Can you think of other good predictors(features) of student success? Two researchers reviewed the transcript and identified emerging themes independently and through discussion they agreed on three higher-level themes. These three high-level themes were then used to revisit and code the transcript according to the themes.

**Selecting Features for Student Models:** Participants appreciated that they could select the features they thought should be part of a predictive model of risk or part of the student story. They also like a number of features that were included, such as students' financial need status, family life, housing options, and mailing addresses. Many expressed surprise that the University actually had a lot of data that would be useful for advising that was not available in the other tools.**Value of Aggregate Analytics and Temporal Data:** Participants agreed that aggregate analytics is essential for understanding students, especially a targeted group of students. They found the presentation of the student data as a temporal progression is useful since it presents the overall students' progression through semesters.**Value of Student Stories:** The participants agreed that student stories were useful and effective to provide a high-level overview or snapshot of the student. They mentioned that the stories would be helpful for understanding a specific student quickly. They agreed that stories provide a good understanding of students in terms of their demographic information as well as their academic performance. One participant said: "I like the stories the best - knowing that the story was created using analytics is reassuring". One comment to extend FIRST is the suggestion to tell stories about groups of students that lie in a single cluster.

Conclusions and Future Work {#Sec11}
===========================

In this paper, we present FIRST, an interactive LA system designed to support advisors using a temporal data model, unsupervised models, and storytelling. FIRST enables the advisor to select specific features, review the aggregate analytics based on unsupervised learning algorithms, and interact with stories about specific students. The student stories are automatically generated using user-selected features, the features that indicate significant changes, and additional data about the student using rules that present a more complete story. The process for generating stories has 3 stages: sourcing the data, selecting and structuring story components, and text-processing the sentences. A focus group study was conducted to evaluate FIRST and gather feedback. The participants highlighted the sensemaking value of storytelling and the increased access to student data compared to other tools. The aggregate analysis was reported to be enhanced by the storytelling since the user can switch between the story and the visual analytics. The results of the focus group confirm our hypothesis that storytelling complements dashboard-style analytics. In the future, we plan to do a longitudinal study of the use of FIRST to learn more about the changes in the advisors' understanding of their students with and without FIRST.
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